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1
The increasing food and water demands of East Africa's growing population are stressing 2 the region's inconsistent water resources and rain-fed agriculture. More accurate seasonal 3 agricultural drought forecasts for this region can inform better water and agro-pastoral 4 management decisions, support optimal allocation of the region's water resources, and mitigate 5 socio-economic losses incurred by droughts and floods. Here we describe the development and 6 implementation of a seasonal agricultural drought forecast system for East Africa (EA) that potentially the world; this region has experienced famine as recently as 2011.
12
To produce an 'agricultural outlook', our forecast system simulates soil moisture (SM) useful SM forecast skill (>0.5 correlation) at 1-month, and in some cases 3-month, lead times.
22
Similarly, when the forecast was initialized with mid-season (i.e. April 5 th ) SM conditions, the 23 skill of forecasting SM estimates until the end-of-season improved (correlation >0.5 over several 24 grid cells). We also found these SM forecasts to be more skillful than the ones generated using 25 the Ensemble Streamflow Prediction (ESP) method, which derives its hydrologic forecast skill
26
solely from the knowledge of the initial hydrologic conditions. Finally, we show that, in terms of 27 forecasting spatial patterns of SM anomalies, the skill of this agricultural drought forecast system 28 is generally greater (>0.8 correlation) during drought years (when standardized anomaly of
29
MAM precipitation is below 0). This indicates that this system might be particularity useful for responses to drought early warnings are crucial (Hillier, 2012) . (Liang et al., 1996) . Baseflow is a non-linear function of the 139 moisture content of the third soil-layer (Todini, 1996) .
43
FEWS NET is a program of the United States Agency for International
140
The soil and vegetation parameters used for this study were originally developed for 
145
We briefly describe their origin and sources here for the benefit of the reader. Soil texture and 146 bulk density were from Batjes (1997) and the rest of the soil parameters were from Cosby et al. given target year as described in step 4 to 6. 
Hence in the case of s=0 for any given season, our approach will simply yield Wf = Wclim , 234 resulting in climatological forecasts, whereas the higher the skill "s", the more 4. We use these weights to guide the probability of selection during the bootstrapping (MOS) and about a week before the seasonal forecast review meeting in April.
269
For comparison, we also generated two more sets of forecasts using the Ensemble IHCs. We used the SM forecast generated using the ESP method as a baseline to compare the 277 similar forecasts generated using CFSv2 based seasonal climate scenarios (section 2.3). This First we evaluated the suitability of VIC-derived SM (generated by forcing the VIC
283
model with high quality observed forcings (section 2.2)) for providing agricultural drought 284 assessments across our domain (Fig. 1) outcome. We used the CHIPRS to assess the skill of the precipitation forecasts and SM a 321 posteriori estimates to assess the skill of the SM forecasts. We did so due to the lack of long-term
322
SM observations for the region.
323
We compared the spatially aggregated (over the focus domain) MAM seasonal 324 precipitation forecasts made during 1993-2012 and observations (CHIRPS) (Fig. 7) . The value of 325 spearman rank correlation between precipitation forecasts and observations is 0.67. skill. This value is especially highlighted at lead-2 to 3 months (when the influence of the IHCs 345 has diminished) when Fig. 8(a) shows higher level of skill than Fig. 8 (b) .
346
We also calculated the SM forecast skill derived using CFSv2 based climate scenarios 347 and the ESP method but during the forecast period starting on April 5 th ( Fig. 9 a and lead-3 forecasts skill in Fig. 8(a) with lead-1 and lead-2 forecast skill in Fig. 9(a) , we see the
352
higher values across the region in Fig. 9(a) , corresponding to improved EOS information at the IHCs.
374
Finally we examine how the SM forecast skill varies among other drought years vs 375 normal years by estimating the spatial pattern correlation between SM forecasts (generated using
376
CFSv2 based seasonal climate scenarios) and SM a posteriori estimates over the region (Fig. 11) .
377
The higher the correlation, the better the forecast is in capturing the spatial variability of SM 378 anomaly pattern. Spatial anomaly pattern correlation is greater than 0.60 for all years (Fig. 10 ).
379
As indicated by drought events, which is the primary focus of FEWS NET.
404
We described the development and implementation of a seasonal hydrologic forecast 
